Social networks have integrated into the daily lives of most people in the way of interactions and of lifestyles. The users' identity, relationships, or other characteristics can be explored from the social networking data, in order to provide personalized services to the users. In this article, we focus on predicting the user's emotional intelligence (EI) based on social networking data. As an essential facet of users' psychological characteristics, EI plays an important role on well-being, interpersonal relationships, and overall success in people's life. Perception of EI contributes to predicting one's behavior or group behavior. Most existing work on predicting people's EI is based on questionnaires that may collect dishonest answers or unconscientious responses, thus leading in potentially inaccurate prediction results. In this article, we are motivated to propose EI prediction models based on the sentiment analysis of social networking data. The models are represented by four dimensions, including self-awareness, self-regulation, self-motivation, and social relationships. The EI of a user is then measured by four numerical values or the sum of them. In the experiments, we predict the EIs of over a hundred thousand users based on one of the largest social networks of China, Weibo. The predicting results demonstrate the effectiveness of our models. The results show that the distribution of the four EI's dimensions of users is roughly normal. The results also indicate that EI scores of females are generally higher than males' EI scores. This is consistent with previous findings. In addition, the four dimensions of EI are correlated. We finally analyze the advantages and the disadvantages of our models in predicting users' EI with social networking data.
I. INTRODUCTION
S OCIAL networks such as Twitter, Weibo, and Instagram are used every day to express personal thoughts that enable researchers to gain valuable insight into a large number of personal opinions. The views on persons and events can reflect the user's emotional intelligence (EI). Understanding EI is in favor of perceiving individual behavior changes and predicting group behavior. However, the emerging social networking platforms as well as the massive informative data users input have aroused concerns for users' privacy, as it is not difficult to analyze users' characteristics and even disclose users' private information based on the social networking data.
Previous work [1] - [3] on users' attributions revolved around users' demographics, such as age, gender, and location. In addition, many researchers [4] - [9] mined users' psychological traits through social networks. In spite of some work on employing artificial intelligence technology to conduct privacy analysis [10] , [11] and abnormal behavior detection [12] - [21] or privacy protection and system security [22] - [26] , we focus on the privacy disclosure based on the text published by users in social networks to provide an extra source of information. Moreover, there is no related work on predicting users' EI based on social networks. Thorndike [27] proposed the concept of Social Intelligence in 1920, and Alexander [28] proposed the concept of Non-intellectual Factors in 1938. In 1987, Gardner [29] proposed Multiple Intelligence. In fact, the concept of EI develops from these early ideas and theories. In 1990, American psychologists Salovey and Mayer [30] reinterpreted EI and formally proposed the systematic theory. Bar-On [31] also proposed his own definition. Bar-On [31] first proposed the concept of the emotional quotient in 1985 and published his Emotional Quotient Inventory. According to the Bar-On model, each of these metafactorial components of EI comprises a number of closely related abilities, skills, and behaviors.
EI [30] is a type of user's characteristics that involve the ability to monitor one's own emotions as well as others' so as to discriminate them and to use the information to guide one's thinking and actions. EI [32] includes four dimensions: emotional perception and expression, emotional thinking, emotional understanding, and emotional management. We consider the predictive models according to those definitions of EI. In this article, we hypothesize that we can continuously track the emotions of the users who are inclined to publishing tweets or share live events. If users prefer to use the same or similar sentiment words, the ability of self-awareness is similar. Self-regulation is different between users who have different frequency of emotional fluctuations. Users who are in a positive emotional state have different abilities of selfmotivation from users who always have a negative state, and EI has an important impact on social relationships.
There also exist related work on predicting the validity of EI in various scenarios [33] - [35] , and many studies reveal that EI has an important impact on motivation, emotional regulation, stress, decision-making, work performance, and job satisfaction [31] , [36] , [37] .
Previous approaches used to estimate people's EI were based on questionnaires. There are some factors affecting the measurement in the self-reported questionnaire. For example, the respondent has a response set, such as extreme, avoidance, and carelessness, or rather, respondents fail to know their own situations and understand the grading standards. Meanwhile, respondents' answers to some questions were affected by unstable factors, such as emotions and motives at that time, which means that the test results may not truly reflect the psychological level of the person. Moreover, EI is constantly changing as the living environment changes [38] . In contrast, social networks provide a good platform for the measurement of users' EIs, as it contains rich information for profiling a very big number of users and most users in social networks are honest to convey themselves.
In this article, we propose a prediction model of EI based on the sentiment analysis of social networking data. Our work is extended based on our previous work in [39] , where we briefly introduced the models of predicting users' EI and the experimental results in terms of the distribution of the users' EI and their gender differences. In this article, we additionally provide correlation coefficient analysis to compare the relationship of the four dimensions of EI. Furthermore, the algorithmic description has been enhanced. Our extended version also contains a comprehensive discussion on classifying users from the perspective of EI.
The models are represented by four dimensions, including self-awareness, self-regulation, self-motivation, and social relationships. The EI of a user is then measured by four numerical values or the sum of them. In the experiments, we predict the EIs of over a hundred thousand users based on one of the largest social networks of China, Weibo. The predicting results demonstrate the effectiveness of our models. In previous work, sentiment analysis is applied to agreement detection [40] , sarcasm identification [41] , [42] , and stock prediction [43] . We implement the sentiment analysis to analyze users' text for predicting EI.
We make the following contributions. 1) We propose EI prediction models based on social networking data to measure users' ability to control emotions. The models include self-awareness, self-regulation, self-motivation, and social relationships according to the psycho-EI theory. To the best of our knowledge, this is the first work toward predicting users' EI based on social networking data. 2) We test our models on one of the largest social networks in China, Weibo, and predict EI of over a hundred thousand users of Weibo. The prediction results verify the effectiveness of our models. We also discuss and analyze the advantages and disadvantages of our models. 3) We compare the topics among users with low scores and high scores and classify users from the perspective of EI with the aim of further revealing the inherent law of users' emotional expression in social networks. The remainder of this article is organized as follows. The models for predicting EI are proposed in Section II. The experiments and results are presented in Section III. We discuss and analyze the models and the results in Section IV. Finally, concluding remarks follow in Section V.
II. PREDICTION MODELS OF EMOTIONAL INTELLIGENCE
We propose EI prediction models that evaluate the user's EI by analyzing the text and interactive information in social networks. Definitions of EI include one or more of the key components, all of which are included in the Bar-On model. We predict users' EI based on the Weibo. Through the text that they published and the basic information, including the number of comments, the number of retweet, and publishing time, we carefully select a set of rules based on conceptualizations of EI.
Thus, the models are based on four dimensions, including self-awareness, self-regulation, self-motivation, as well as social relationships according to the psycho-EI theory. These four dimensions represent different aspects of EI, including perceiving emotions, managing emotions, and interpersonal relationships.
The self-awareness (A) reflects the ability to accurately identify own emotions and appraisal and expression of emotions encompassing the ability to be sensitive to the slight variations between emotions. The categories and intensities of sentiment words in the text can reflect the user's sentiment. Through analyzing the emotional words of tweets published by users, we calculate the value of self-awareness.
The self-regulation (R) includes the ability to manage disruptive emotions and impulses. Therefore, emotionally intelligent individuals often pay attention to harness emotions. The high mean of sentiment values, the low variance, and users' emotional change are the measurement of the emotional instability or disorder of a user. We obtain the value of the self-regulation by the degree of sentiment changes.
The self-motivation (M) measures whether the user's emotions are always in a positive state and the recovery from disappointment is rapid. The self-motivation can be measured by the time of the recovery from the depressed stage to the emotional stable stage and overall emotional state of the users.
The social relationships (S) measure the ability of infecting others' emotions and the harmonization in the process of interpersonal interaction. EI helps individuals to behave appropriately, which allows them to maintain good relationships with others. The number of comments, the number of followers, and the number of retweets can reflect social relationships. We consider the number of mood swings and average sentiment value as the factors that affect social relationships.
First, we need to set a time window for analyzing the text. The experimental time window is day. Assuming that a time window contains W sentences, the expect sentiment value in the time window j is
where e i is the sentiment value of the sentence i in the time window j.
Variance of sentiment values is defined as follows:
Emotional change value is defined as follows:
Then, we calculate the values of the four dimensions of EI.
A. Self-Awareness
The self-awareness is the ability to recognize own and others' emotions. There are 21 categories of sentiment words, and each category has five intensities. The proportion of sentiment words in the whole text reflects the frequency of expressing emotions. The proportion of sentiment words with different categories reflects the richness of the user's emotions. The proportion of sentiment words with different intensities in the same category reflects the ability of identifying slight variations between emotions. In addition, whether the emotion can be expressed accurately or not is influenced by the user's current emotion. Therefore, the sentiment value of the text E i is also an important indicator of cognitive ability. The selfawareness is defined as follows:
where w s is the number of sentiment words, w n is the number of words, w i is the number of different intensities of sentiment words, w c is the number of the categories of the sentiment words, E i is the average sentiment value in the time windows i, and k is the number of time windows.
B. Self-Regulation
The self-regulation reflects the ability to manage own emotions. The high value of self-regulation manifests the high mean of sentiment values and the low variance. When the variance of sentiment values of the user exceeds 0.1 in a time window, it indicates that the user's emotion has fluctuated. At the same time, the entropy is introduced to indicate the fluctuations of the user's emotions. The smaller the entropy is, the more stable the mood is and the less the emotional fluctuations. Assume that m represents the number of positive emotions of the user and n represents the number of negative emotions. The equation for entropy is
The self-regulation is defined as follows:
where t is the average time window intervals between the window where the variance of sentiment values does not exceed 0.1 and the average sentiment value is larger than 0.5 and the window where the mood swing appears. Tweets published by users reflect their sentiment and we consider that people's mood swings in a 28-day cycle. In other words, if the time of the users' mood swings is more than 28 days, we choose the 28 days as the time window intervals of the mood swings.
C. Self-Motivation
The self-motivation can be measured by the time of the recovery from the depressed stage to emotional stable stage and the proportion of positive emotions in the whole time. When the average sentiment value of a user in a window is less than 0.5, the window can be viewed as a depressed stage. t l is calculated by the average number of time window from less than 0.5 to more than 0.5 for the first time. The selfmotivation is also affected by the user's current emotional level. Therefore, self-motivation is defined as follows:
where w p is the number of positive words, w s is the number of the sentiment words, and 25 is the amplification factor. We use π to adjust values from 0 to 1 in the arctan function.
D. Social Relationships
The social relationships reflect the harmony of relationships and the ability of emotional contagion. We use the number of mood-swing, comments, and retweet to measure how much one person influences another. In addition, when the emotional change value is greater than 0.2, we view it as a mood swing. The number of comments and retweet is a quantitative indicator to determine the influence of the text. In addition, whether the text conveys a positive attitude to others can be considered. As the transmission of positive information, people can form a positive relationship. Therefore, we add the average sentiment value to the formula. The social relationships are defined as follows:
where N ci is the ratio of the number of comments to the number of followers. N ti is a ratio that takes into the number of retweet and followers in the time window i . N di represents the number of the mood swings. In order to achieve the overall convergence of the values, the values after the calculation are processed by the inverse tangent function. We standardize these scores from 0 to 1. 
E. Measurement
We calculate the values of the four dimensions of EI through the (4) and (6)- (8) . The result is shown in Table I , and the values of EI of a user after data standardization are shown in Fig. 1 .
There are two methods to measure users' EI. As shown in Table I , we use the sum of the four dimensions of EI as the first method. This method can reflect the user's comprehensive score; however, the size of the value of each dimension cannot be distinguished. The second method, shown in Fig. 1 , uses values of the four dimensions of EI to measure users' EI. This method can intuitively figure out the difference in each dimension.
III. EXPERIMENTS AND RESULTS

A. Data Set
We measure users' EIs based on the weibo data that were collected by the Fudan NLP Group. 1 The data set consists of 1.5 billion tweets and more than two million users. As shown in Table II , the user's information includes user identifier, number of comments, number of retweet, source, publishing time, and post. In addition, we have the number of 1 http://sma.fudan.edu.cn/index.html followers and the number of following. Weibo data are used as the training data set for the naive Bayesian method.
We choose one hundred thousand users who have over 500 tweets and over ten friends and followers, in order to measure their EI in the experiment. The number of microblog is 105 176 341.
The microblog is very short (140 words), and there are @, tags, URLs, and other noise information that are relatively unimportant for sentiment analysis in a single microblog. Thus, we carry out denoising and word segmentation.
B. Chinese Sentiment Analysis
In order to recognize the expression of emotions and calculate the value of self-awareness, we analyze the lexicon in the text published by the user through the Chinese emotional vocabulary [44] . The vocabulary containing 27 466 sentiment words is divided into seven major categories and 21 subcategories.
The major categories include happy, good, angry, sad, fearful, evil, and shocked, 1, 3, 5, 7, and 9 denote different emotional intensities, 9 indicates the highest intensity, and 1 is the lowest intensity.
Moreover, we expand the vocabulary by calculating the word semantic similarity through the words of HowNet and the word forest [45] . According to the distribution of the word, a dynamic weighting strategy of considering both HowNet and CiLin is used to calculate the word similarity.
For the sake of calculating the values of the four dimensions of EI, we should know each sentence's sentiment. Emoticons in the user's post are closely related to the content. Accordingly, we extract emoticons to obtain the sentiment value of a sentence.
First, the Sina weibo data are deduplicated, and a total of 341 067 emoticons are extracted. We remove the error emoticons. Then, we choose emoticons with the number of occurrences more than 400 times. Finally, we obtain 1818 emoticons, including some the traditional Chinese characters' emoticons, and after counting all the 1818 emoticons, we find that the appearance of the emoticons was consistent with the long tail distribution. As shown in Fig. 2 , the top 10% of emoticons account for 96.3% of all emoticons. Therefore, we manually annotate the top 10% of emoticons.
1 represents the positive emoticon, and −1 represents the negative emoticon. Assume that the number of the positive emoticon is N p and the number of the negative emoticon is N n . The sentiment value of a sentence is as follows:
As shown in Table III , after classification according to above-mentioned formula, the number of microblogs with positive sentiment is 14 125, and the number of microblogs with negative sentiment is 5793. In addition, we have 7134 microblogs with positive sentiment and 8257 microblogs 2 The data are imbalance. There are some methods about class-imbalance learning and classification algorithms comparison [46] , [47] . We employ the downsampling technique to make sure the class balance. Those data sets are trained for sentiment analysis using the naive Bayesian method.
The naive Bayesian method is used to construct a text sentiment classifier. Based on the prior probability, we obtain the probability of observing different features under a given hypothesis. We define the category as
where P(C j ) represents the prior probability of category C j , P(w i , C j ) is the posterior probability of the characteristic word in the category C j , and wt (w i ) is the weights of the word w i in the testing corpus. The naive Bayesian method is used to classify the text sentiment in a positive probability. The positive probability 2 http://tcci.ccf.org.cn/conference/2014/pages/page04_sam.html that is greater than or equal 0.6 means a positive emotion. The positive probability that is less than 0.6 means a negative emotion.
C. Experimental Result Analysis
As described in Section II, we obtain the values of four dimensions of EI. In order to evaluate the validity of our models, we analyze the distribution of these values, the relationships between users' gender and EI, and the relationship of four dimensions of EI.
1) Distribution of Values of EI:
We analyze the histogram of four dimensions of EI in Fig. 3 and discover that they obey normal distribution.
The distribution area of the values of self-awareness is smaller to narrow than the values of self-motivation and mostly concentrate on the low-value region. The values of self-regulation are also distributed in the low-value region.
On the one hand, the deviation of identifying sentiment words results in lower values. On the other hand, users incline to publish the more positive text. Therefore, the number of categories of sentiment words is less. The number of low values of social relationships is larger than high values since the number of comments and retweet are small in most cases.
2) Gender Difference: Social role theory [48] is considered as the theoretical basis to explain the gender differences in behavior. Social role theory points out that the gender differences in behavior are mainly due to the process of social construction, and encode and process information in different patterns between men and women [49] , [50] . Although gender differences have been found in previous work, in this article, we focus on the gender differences in EI.
We compare correlation coefficients across genders. We calculate the average values of four dimensions for different genders. From Table IV , we note a relationship between EI and gender. The results show that EIs of females are higher than those of males. This supports the hypothesis that women have more EI values than those of males. Intuitively, females are mostly expected to be more expressive of feelings in the culture. This result is in accordance with the previous work [51] - [53] .
3) Correlation Coefficient Analysis: As shown in Fig. 4 , the values of the four dimensions of EI gradient descend, and obviously, the contours of the joint probability density of the self-awareness and the self-motivation bend greatly. Its distribution is dense and decreases rapidly, which implies a great difference in numerical value. However, the distribution of the joint probability density of the self-regulation and the social relationships is sparse and decreases more slowly, which implies a small change in numerical value. The positive correlation between the self-awareness and the self-motivation indicates that the person who has good cognition to emotions is always in a positive mood. The correlation between the selfmotivation and social relationships is not obvious. Furthermore, we analyze Spearman's correlation and Pearson's correlation. Spearman's correlation assesses monotonic relationships, while Pearson's correlation assesses linear relationships. From Table V, we can observe that the linear relationships of the four dimensions of EI other than the self-awareness and the self-motivation are not obvious. While monotonic relationships of the four dimensions of EI are significant. The results also accord with our hypothesis that the value of one dimension of EI tends to increase when the other increases.
IV. DISCUSSION AND ANALYSIS
To the best of our knowledge, this is the first time that EI prediction models are proposed based on social networking data. We mine potentially psychological information in the users' posts and interactive information. The models are based on sentiment analysis. Thus, the stronger the motivation of users to express their emotions is, the better the predictive effect of the models will be. However, most users in social networks are motivated by social interaction and self-presentation [54] . For instance, users post self-relevant information to interact with others, companies run advertisement campaigns, and journalists gather information and express ideas. Thus, the models have limitations when users do not express their emotions. Meanwhile, the extracted features of the models depend on expert knowledge.
In addition, we use the naive Bayesian method to classify sentence-level sentiment. It cannot distinguish the subtle emotions in language expressions, such as sarcasm and ridicule. Therefore, identifying various emotions and emotional characteristics in a sentence is the focus of future research.
There exist work on the measurement of EI based on the questionnaire [55] - [58] . The measurement of EI remains controversial. To evaluate the validity of the prediction models of EI, we can use cross validation. We preliminarily analyze the relationship between EI and gender and the distribution of the values of EI and conduct the correlation analysis. In the future, we will compare the relationship between EI and personality. In addition, we plan to employ questionnaires to optimize the models and apply the models to twitter. Most of the current machine learning methods are supervised and require a lot of labeled data. Because of the limited labeled data, we did not employ those methods. In looking for benchmark data, we plan to design questionnaires and get labeled data by crowdsourcing. Meanwhile, we will employ some machine learning, such as logistic regression, to predict the EI.
Predicting EI can be applied to various scenarios, such as assessment of professional competence, personnel training, prediction of personal behavior, and psychological research.
Furthermore, we implement the topic analysis and the cluster analysis to analyze the characteristics with different values of EI and enlighten the next work.
4) Topic Analysis:
We rank sum of the four values to obtain the top 1000 high-score users and the last 1000 low-score users, and then, we use latent Dirichlet allocation (LDA) to retrieve key information in the two groups. Through contrasting the key top 30 words in six topics, we discover that the topics mostly concentrate on health, politics, economics, and posts are much longer in low-score groups. However, the highscore users prefer to publish posts that reflect inner feeling compared with the low-score users. A part of words are shown in Tables VI and VII. The results suggest that the stronger the motivation of users to express their emotions, the higher the users score. In other words, aiming at the user with different motivations, we can design different features based on the present models in the future.
5) Cluster Analysis:
We use an unsupervised cluster algorithm, the Gaussian mixture models (GMMs), to analyze the categories of EI.
First, the Bayesian information criterion (BIC) is used to find the optimal number of the cluster. As shown in Fig. 5(a) , the number of cluster N c = 18 provides the optimal fit to the cluster. This number is much large; therefore, we assess whether all identified clusters are truly meaningful. As is recommended [59] , we estimate the density of each cluster. The p-value and the density are set to 0.01 and 1.3. Finally, as can be seen from Fig. 5(b) , we identify five clusters. The five clusters are centered in the region in which we observe a larger fraction of person than expected from a randomized data set.
We analyze and compare the characteristics of the five clusters in Fig. 6 . Type A of EI (ATEI) is characterized by the low value of self-regulation, compared with other dimensions of EI with the high values. All dimensions of type B of EI (BTEI) have high scores. Type C of EI (CTEI) has a high value of social relationships and, however, the low score on self-awareness and self-motivation. In contrast to the characteristics of ATET, type D of EI (DTEI) has low scores on all dimensions. Type E of EI (ETEI) has extremely low scores on self-awareness and self-motivation; however, the scores of self-regulation and social relationships are close to the average value. The characteristics of ATEI are similar to BTEI and are reverse to ETEI. Nevertheless, BTEI and DTEI show opposite characteristics.
We classify users from the perspective of EI. The results indicate that users have different expressive habits. For instance, there is a lack of emotional expression in the posts of the user of CTEI. Thus, we can dynamically adjust weights of four dimensions of EI for summation according to different user's type to measure user's EI in the next work.
V. CONCLUSION
In this article, we propose prediction models to measure users' EI through analyzing texts and interactive information in social networks. The models are expressed with four dimensions, including self-awareness, self-regulation, selfmotivation, and social relationships. We test our models on one of the largest social network of China, Weibo. In the experiments, we predict EIs of over a hundred thousand users in Weibo with four numerical values and the sum of these values. The experimental results show that the distribution of users' EIs is normal. The results also indicate that EIs of females are higher than those of males. In addition, we compare the topics between users with low scores and high scores and classify users from the perspective of EI with the aim of further revealing the inherent law of users' emotional expression in social networks.
In the future work, we plan to identify more emotions, design more fine-grained features to better predict users' EI, and conduct experiments on twitter data. Meanwhile, we will compare the relationship between EI and personality. In addition, we plan to employ questionnaires to optimize the models.
